ABSTRACT Ligands entering a protein binding pocket essentially compete with water molecules for binding to the protein. Hence, the location and thermodynamic properties of water molecules in protein structures have gained increased attention in the drug design community.
INTRODUCTION
Unliganded protein binding pockets are occupied by water molecules which obligates potential ligands to compete with these water molecules for binding to the protein. Hydrogen bonds between water and protein need to be broken and replaced water molecules will be released to the bulk solvent. This process heavily affects the thermodynamic properties of the system and renders water as one of the key elements to understand and promote ligand binding 1, 2 . Several approaches (e.g. 3D-RISM 3 , GIST 4 ) have been developed and employed to estimate the enthalpic and entropic contribution of replacing water molecules from protein binding sites which proofed to be useful in pinpointing hot spots for ligand binding and in explaining structure-activity relationships. Including data from molecular dynamics (MD) simulations was found to improve such predictions 5 . However, researchers at GSK conclude in a recent perspective 6 that many studies utilizing water-based methods are of retrospective nature and several results could have been obtained by simply looking at the atomistic models, e.g. growing a ligand into a hydrophobic protein pocket will most likely increase the affinity.
Pharmacophores describe electrostatic and steric features needed for a molecule to bind to a desired drug target and can be employed in a truly prospective fashion in efficient highthroughput virtual screening campaigns to identify novel active entities 7 . Recently, MD simulations were analyzed to generate so called water pharmacophores 8 . The researchers analyzed the thermodynamic characteristics of hydration sites in binding pockets of several drug targets and were able to translate this information into pharmacophores that were successfully evaluated in retrospective screening campaigns. However, the method makes use of commercial software and is not available for public use.
Here, we present PyRod, a free and open-source python software that was built to translate the highly complex, but important information from MD simulations into simplistic and highly efficient pharmacophore models suitable for virtual screening. PyRod supports the 4 major forcefields CHARMM 9 , AMBER 10 , GROMOS 11 and OPLS 12 granting maximum flexibility for the user in choosing the simulation package for generating MD simulation data. We applied PyRod to 5 important drug targets and evaluated its capability to generate successful pharmacophores for virtual screening.
IMPLEMENTATION
PyRod is available as open-source software written in python 3 13 and employs the external packages MDAnalysis 14 , NumPy 15 and SciPy 16 . It is composed of several components that can be executed individually via self-explainable config files (Fig. 1A) . Additionally, a trajectory pharmacophore combo config file is provided which enables a one-step-execution of several tasks. Test Grid. This component facilitates the identification of parameters for proper grid placement allowing the user to focus on the protein area of interest in later trajectory analysis.
The x, y and z center parameters are used to define the center of the grid which can be retrieved from e.g. a central atom in the binding pocket with coordinates stored in the topology file or by employing pocket detection algorithms externally. The x, y and z edge length parameters define the size of the grid and are usually set between 20 and 30 Å, but can be set higher if the whole protein surface should be explored. The test grid will be saved in pdb format with grid points as pseudo atoms. This file can then be visualized together with the topology file to improve parameters if required. Cation-π interactions are also recorded by the implemented routines and included in PI and AI scores, e.g. water molecules close to the aromatic ring of a phenylalanine will be scored for PI and water molecules close to the positively charged amine of a lysine will be scored for AI.
However, they receive a dedicated heuristic scoring function differing from earlier presented PI and AI scoring (supporting information Tab. S2).
Regions for potential hydrophobic interactions (HI) are identified by counting hydrophobic atoms in vicinity of each water molecule. This crude atom count is additionally scaled by buriedness to highlight regions with water molecules deeply enclosed in a hydrophobic pocket.
However, highly hydrophobic regions may not be sampled well by water molecules and will be scored less frequently and consequently may receive a lower absolute HI score. Hence, a normalized score is provided as well (HInorm) which reports the average hydrophobic score per Pharmacophores. follows. Ligands were deleted as well as water more than 5 A away from the protein. Errors were corrected with the Structure Preparation tool. The low resolution D3R structure 3pbl misses a sodium ion that is known to be crucial for inactive class A GPCR states 30 . Hence the sodium ion and 6 coordinating water molecules were transferred from the high resolution structure of δ opioid receptor (4n6h 31 ) into the D3R system. Chain breaks were capped with ACE and NME.
Protonation states were assigned using Protonate 3D tool at pH 7. Non-membrane proteins (CDK2, HIV1P and ERα) were solvated in a cubic box with TIP4P water, 0.15 M NaCl and 10 Å padding using Maestro 11.3 32 . Membrane proteins (A2AR and D3R) were embedded in a POPC bilayer according to the orientation provided by the PPM server 33 and solvated in an orthorhombic box with TIP4P water, 0.15 M NaCl and 10 Å padding. (Fig. 3D) . Further parameters can be found in the supporting information (Tab. S3). The best performing pharmacophore (EF1=7.7) consists of 1 hydrophobic feature, 1 hydrogen bond acceptor and 1 positive ionizable feature (Fig. 3E-F ). (Fig. 4D) . 588 pharmacophores were generated by combining 15 pharmacophore features. The double hydrogen bond donor feature was selected to be present in every pharmacophore. Further parameters can be found in the supporting information (Tab. S3). The best performing pharmacophore (EF1%=54.6) consists of 3 hydrophobic features 2 hydrogen bond donors and 2 hydrogen bond acceptors (Fig. 4E-F ). (F) Pharmacophore with best early enrichment factor (EF1;5;10;100: 54.6; 54.6; 54.6; 54.6, AUC1;5;10;100: 1.00;1.00;0.93;0.54).
ERα and A2AR.
Estrogen receptor alpha and adenosine A2A receptor represent 2 test cases for which pharmacophore generation based on water dynamics was not successful. ERα contains a hydrophobic pocket 24 that is collapsing upon unrestrained molecular dynamics simulation. This ultimately leads to the placement of exclusion volumes at a position where co-crystallized ligands bind (Fig. 5A ). Agonists and antagonists of A2AR share two key interactions with F168
and N253 41 . The aromatic interaction with F168 is completely absent in the AI dMIF, since F168
is very flexible in the unbound state and adapts a conformation differing from the ligand bound state (Fig. 5B) . Also, N253 and E169 leave the ligand bound conformation quickly upon initiating unrestrained simulations and do not frequently interact with water molecules at positions known from ligand interaction with N253. Discussion. Best PyRod pharmacophores of CDK2, D3R and HIV1P outperform the docking program DOCK 3.6 when comparing early enrichment factors (EF1) with the DUD-E benchmark 27 (supporting information Tab. S4). However, PyRod pharmacophores could not be generated for A2AR and ERα, since both targets quickly leave the ligand-bound conformation upon unrestrained MD simulation. Although restraining the protein heavy atoms is tempting, this procedure would neglect the contribution of the protein to the entropy of the system 42 . When restraining heavy atoms of the CDK2 system we observed many more stable hydration sites with overall higher feature scores, which may hinder prioritization of important chemical features
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( Fig. 6) . Instead of restraining the protein in MD simulations, it might be an option in such situation to employ methods that generate pharmacophores based on the static structure 43, 44 . An important difference between the already published water pharmacophore method 8 
and our
PyRod approach is the number of generated pharmacophores. The water pharmacophore method was designed to generate a single pharmacophore in a highly automated fashion. Although retrospectively successful with 4 out of 7 targets, it needs to be shown that the parameters and cutoffs trained on the test systems also succeed in a prospective study on a completely different 3. PyRod combinatorial library parameters 
Early enrichment factors

